ABSTRACT This paper presents an intelligent assistant for preventing the injuries during motion gaming. In our previous work, we invented UKI, a middleware that allows its users to play any existing game by using body motions. The goal of this paper is to add an intelligent module to the UKI for promoting healthy motion gameplay. According to the literature in sports science and medicine, several exercise injuries are caused by the unbalanced use of body segments and repetitive movement. To prevent such injuries, we present a module that monitors and promotes two health metrics of the player: balancedness in use of body segments and variability in body movement. The proposed module recommends motions that will improve the two health metrics during gameplay. We evaluate effectiveness of the module on 45 participants with normal health condition. Two methods for motion recommendation were compared: recommendation according to the health fitness functions (HFF) and recommendation by the random motion selection. Our results indicate significant improvement in the two health metrics when HFF is used.
I. INTRODUCTION
Through many studies, full-body motion games showed their potential for promoting physical activity (PA) [1] . However, little attention has been given on possible adverse outcomes from playing games for health [2] . Engaging in any kind of exercise bears the risk of injuries, and these injuries, in turn, can lead to a reduction in future involvement in PA and, therefore, negatively affect health in the long-run [3] .
Some health problems stem from unbalanced use of body segments and repetitive movement. Unbalanced use of body segments leads to abnormalities of muscle strength and length that are fundamental to the development of musculoskeletal pain and dysfunction [4] . Meanwhile, repetitive movement leads to the well-known repetitive motion injuries (RMIs), a group of musculoskeletal disorders, such as carpal tunnel syndrome [5] , tendonitis [5] , rhabdomyolysis [6] and dystonia [7] . Therefore, exercise injury prevention, by balancing use of body segments and avoiding repetitive movement during gameplay, is of particular importance.
We have run a project of developing a middleware for promoting healthy motion gaming. We introduced UKI [8] , a middleware application that allows players to play any existing games by using body motions as inputs. This tool played an important role in several studies on health promotion [9] . Recently, we proposed an idea of Intelligent Assistant (IA) in UKI in a two-page position paper [10] . The roles of IA include providing players instructions on pre-gameplay training and encouraging them to use their bodies in a healthy manner during gameplay. As with UKI, IA is targeted to be universal for any games. The current work is an extended version of our previous work on IA (a 2-page position paper in which only design was presented) focusing on the second role.
This paper presents Motion Recommender, a new module of IA-to be referred to as IA-MR-which recommends players what motions they should perform during gameplay through a 3D virtual character (Fig. 1) . By monitoring the amount of the body movement and the number of times each motion is performed, IA-MR detects which segments of the body are rarely used and which motions are rarely performed. From these data, it recommends motions whose performing will increase two health metrics, i.e., balancedness in use of FIGURE 1. A system screenshot (a) consisting of four screens (b) from two applications: b1. the main screen of UKI where the movement of the player is displayed on the right b2. a game application being played b3. the configuration panel of UKI, for setting the system including IA, and real-time feedback provided by IA b4. UKI's IA demonstrating a recommended motion.
body segments and variability in movement of the player; we call this recommendation according to health fitness functions (HFF) (mentioned in Section 4-C).
We evaluate effectiveness of IA-MR in improving the two health metrics. We also compare two methods for motion recommendation: HFF and random motion selection (RMS). An experiment is carried out on 45 participants with normal health condition. We divide the participants into three groups (15 participants each) and let them play a fighting game: the first group plays the game without IA-MR, the second group with RMS-based IA-MR, and the third group with HFF-based IA-MR. Our research hypotheses are given below, which are investigated and tested in section 5-E. 1) IA-MR leads to improvement in both health metrics, regardless of its recommendation method (either HFF or RMS). 2) When HFF is used, the above improvement is expected to show effects sooner. 3) Gameplay with and without IA-MR affect player experience differently, and so do different methods for motion recommendation of IA-MR. Our assumption is that player experience will be somehow negatively affected by IA-MR because some players may feel the IA interrupts their gameplay or dislike when IA-MR keeps telling them what they should do. Perception of freedom and enjoyment are major concerns. We also predict that the gameplay score will be decreased when the player follows recommendation by IA because its recommendation does not take ''winning the battle'' into consideration. In addition, in comparison to motions randomly selected, motions selected by using HFF tend to be more unfamiliar to the player as the priority of selection is given to rarely performed motions, which impairs player experience. This paper is organized as follows. Section 2 describes health metrics of concern. Section 3 provides our survey on existing health monitoring systems for exercisers. Section 4 describes an outline of our system including IA-MR. Section 5 describes the experiment and results. Section 6 provides discussions, conclusions, and suggestions for future studies.
II. HEALTH METRICS OF CONCERN
To prevent injuries from motion gaming, we should take into account both of the aforementioned health metrics: balancedness in use of body segments (Bal) and variability in body movement (Var). We defined equations for quantifying Bal in our previous work [11] , in which we developed an opponent fighting-game AI that stealthy induces the player to move in the way that promotes Bal. This current work is similar to that, but IA-MR directly recommends the player how they should move, considering both Bal and Var. Details on importance of the two health metrics and how to quantify them are provided below.
A. BALANCEDNESS IN USE OF BODY SEGMENTS (BAL)
Exercise imbalance can occur from performing one-sidedtype sports such as tennis, or engaging in a task that requires a high level of physical activity in only one muscle or muscle group [12] . Exercise imbalance makes muscles unbalanced, which are dysfunction, known as muscle imbalance [4] , [12] - [14] . According to Lee [13] , since every muscle is attached to a bone, these muscle imbalances pull the bones out of alignment, and misalignment of the skeletal structure caused by muscle imbalance can cause compressions of the nerves, discs, and other structures in the body. Philip et al. [14] mentioned that muscle imbalances and movement dysfunctions have direct effect on joint surfaces, thus potentially leading to joint degeneration. In some cases, joint degeneration may be a direct source of pain, but the actual cause of pain is often secondary to muscle imbalance. It is suggested to find and treat the cause of the pain rather than to focus on the source of the pain.
Kemp and Boynes [4] identified that screening for muscle imbalances is an effective way for injury prevention. The rationale behind this is that there are detectable and correctable abnormalities of muscle strength and length that are fundamental to the development of almost all musculoskeletal pain and dysfunction. Detection of muscle imbalances and correction before an injury has occurred should be part of any injury prevention strategy. In our system, we take a proactive step, ahead of detecting muscle imbalances, by monitoring balancedness in use of body segments during exercise to prevent the occurrence of such imbalances.
7978 VOLUME 7, 2019 Muscle imbalance can be prevented by balancing use of body segments between those on the right and those on the left side of the body [12] , [14] , which in our case is that of increasing Bal. Bal is a key to muscle balance, a relative equality of muscle length and strength between opposing muscles, which is necessary for normal movement and function [14] . Our idea is to monitor and improve this parameter by encouraging the player to use segments from the two sides of the body equally during motion gameplay.
To assess Bal [11] , data required are values of the momentum of four body segments: Left Arm, Right Arm, Left Leg, and Right Leg (defined based on anatomy [15] ). The momentum of a body segment represents an accumulated amount of movement of the segment since the beginning of an exercise session (when the player starts motion gameplay in our case). Let am s and em s denote the actual momentum and the expected momentum of the sth segment in the aforementioned four segments, respectively. Because, for balancedness, the opposing segments should have equal momentum, em s is defined in (1) and (2) .
In addition, let gap s in (3) denote the gap in two types of momentum of the sth segment.
Bal is then quantified to the range of 0 to 1 by (4). A value of 1 indicates that both sides of the body are used in a perfectly balanced fashion. A value of 0 indicates that only one side of the body is used. All kinds of exercises as well as occupational tasks involve repetitive movement and, hence, the risk to develop repetitive motion injuries (RMIs). RMIs is a collective name for temporary or permanent injuries to muscles, nerves, ligaments, and tendons caused by doing the same motion over and over again [16] . The above exercises include low-intensity exercises [6] , those in which the rate of perceived exertion is low, such as walking and aerobic exercises. Daily tasks like typing keyboard, mopping, doing dishes and other housework are also known as causes of RMIs.
According to Yassi [17] , RMIs consist of a variety of musculoskeletal disorders, generally related to tendons, muscles, or joints, as well as some common peripheralnerve-entrapment and vascular syndromes. These disorders generally affect the back, neck, and upper limbs, although lower limbs may also be involved. These injuries result from repetitive and forceful motions. Some examples of RMIs are (1) carpal tunnel syndrome [5] , which causes pain, numbness, and tingling in the hand and arm; (2) tendonitis [5] , such as ''tennis elbow,'' in which the outer part of the elbow becomes painful and tender; (3) rhabdomyolysis [6] , which results in muscle pain and fatigue in conjunction; and (4) dystonia [7] , a neurological movement disorder syndrome in which sustained or repetitive muscle contractions result in twisting and repetitive movements or abnormal fixed postures. RMIs can be painful and cause numbness, clumsiness, and a loss of motion, flexibility, and strength in the area. It can worsen over time without treatment, and can result in a complete loss of function [16] .
Repetitive motion injuries (RMIs) can be prevented by promoting motor variability, which in our case is that of increasing Var. According to Srinivasan and Mathiassen [18] , motor variability refers to the natural variation in postures, movements and muscle activity observed to different extents in all tasks. It is recommended that one should create more variation in biomechanical exposure, says performing motions or switching to tasks that use a different muscle group frequently to allow muscles the opportunity to recover. The study by them demonstrated that an increase in motor variability, can reduce risks of the risk of developing musculoskeletal disorders and even increase work performance.
To measure Var, a list of n motions, denoted by X , in use for exercise or motion gameplay must be given. Data required to assess Var are the numbers of times the motions are performed. Through this set of data, we obtain a probability (P x i ) for each motion x i (i.e., P x i is the ratio of the number of times that motion x i is performed to the total number of those of all performed motions).
Var is quantified to the range of 0 to 1, where a value of 1 indicates that the motions are performed by the same number of times. According to a survey by Srinivasan and Mathiassen [18] , chaotic variability, like variability in body movement, can be quantified using a non-linear computational method such as entropy. Therefore, as shown in (6), Var is defined as a ratio of the obtained entropy to the maximum entropy (log n).
III. EXISTING WORK
We summarize a review of existing systems for promoting healthy exercise. We note that IA-MR assists the player during their gameplay but IA-MR itself is not a game; the player can freely move and choose whether to perform recommended motions. On the other hand, existing studies are mainly a kind of fitness training games (e.g., [19] - [23] ) and games for rehabilitation/stretching (e.g., [23] - [25] ), in which the player has to perform certain motions to win the game.
A. INJURY PREVENTION
Unlike ours, most systems we reviewed have no mechanism for health risk assessment. Injury prevention was commonly VOLUME 7, 2019 implemented through guiding the player how to perform motions correctly. Some systems have mechanisms for correcting movement of the player as shown in the examples below:
• In a system by Anton et al. [20] , after an exercise performed by the player is evaluated, a message pops up to tell whether their movement is correct.
• In an apple-catching game using a game engine called IGER [24] , when the player is performing incorrect movement, such as bending the neck to catch the fruits instead of moving the whole body, the color of the player avatar around the neck shifts from green to red.
• Also in some IGER games, if the player performs incorrect movement for a certain number of times, the game will be paused, and the virtual therapist will show up and suggest the correct movement. IA-MR computes the two health metrics, Bal and Var, which inversely reflect the risk of injuries, i.e., the lower the values the higher chance to develop muscle imbalance and RMIs. The process designed for injury prevention is motion recommendation: the virtual character recommends motions that will reduce the risk of injuries by increasing values of the two metrics. Similarly to the IGER apple-catching game, it has visual feedback for identifying body parts that are initiating health risks (cf. section 4-B).
B. FEEDBACK
All the systems we reviewed have either direct or indirect feedback that reports whether the player's movement is correct. An example of direct feedback [20] is a text message showing whether the expected movement is detected, or, in other words, correctly performed by the player. An example of indirect feedback [21] , [23] is that of not incrementing the motion counter on the screen when incorrect movement is performed by the player.
Some examples are as follows:
• Fitness training games [20] , [21] , [23] generally provide feedback on the number of times that each motion has been performed. Although this kind of data can be used to measure the amount of exercise, the data, if not further processed, are not a health metric. We recall the reader that IA-MR uses these data to compute Var.
• Another common type of feedback [24] reports parts of the body used in an unhealthy manner. IA-MR provides real-time feedback through the dialog b3 in Fig. 1 to show Bal and Var in percent. It also deploys bars indicating whether unbalanced use of the body is due to overuse of the left or the right side of the body (Fig. 2) . From the center of the bar as the origin, the red bar's width extends toward the left when the left arm or leg is overused and toward right, vice versa.
IV. METHODOLOGY
This section provides details on the system. The new module proposed in this work is IA-MR. Descriptions are given on computation for real-time feedback (Fig. 2) and on fitnesses for determining a motion to be recommended to the player.
A. SYSTEM OVERVIEW Figure 3 shows three steps in each iteration of motion recommendation. The first and the last ones are executed by IA-MR whereas the other by UKI. Their details are given in the following. An overview of our system showing three major processes in each iteration of motion recommendation: (1) compute fitnesses of the motions and then recommend the motion having the highest fitness to the player, (2) detect whether the recommended motion is actually performed and send commands for executing the respective in-game actions, and (3) provide audio feedback about the player's motions and in-game actions.
1) MOTION RECOMMENDATION
IA-MR monitors two sets of variables during gameplay: (1) the momentum of each of the four body segments and (2) the numbers of times the motions are performed. The momentum is used for computing Bal, and the numbers of times the motions are performed are used for computing Var. These variables are used for computing fitnesses of motions (cf. section 4-C). A fitness tells how well performing a motion of interest will improve Bal and Var of the player. A motion yielding the highest fitness is recommended to the player by playing an audio instruction, generated by speech synthesis, along with a 3D animation.
2) MOTION DETECTION AND COMMAND SENDING
Whenever a motion performed by the player is detected, UKI will convert it to keyboard and/or mouse-click events and send them to a targeted game for executing in-game actions [8] .
3) FEEDBACK PROVISION
Results are divided into three categories-success, timeout, and failed-to-hit-whose descriptions for the fighting game used in the experiment are given below. At the end of iteration, the system sends audio feedback to the player, accordingly. For example, ''Good Job!,'' ''Nice Attack!'' and ''Cool,'' are randomly sent in case of ''success.'' This kind of feedback is not related to game control, but an existing study said it can promote mastery and a sense of competence of the player [26] .
• Success: In-game actions are classified into attack actions and non-attack actions. A non-attack action is considered successfully executed when the player character uses it in the game. An attack action is considered successfully executed when it hits the opponent in the game.
• Timeout: This result occurs when a recommended motion is not performed by the player within a given duration.
• Failed-to-hit: This result is obtained when an attack action is executed but does not hit the opponent within a given duration.
B. REAL-TIME FEEDBACK
The dialog for providing feedback (Fig. 2) 
C. MOTION FITNESSES
Whereas the two health metrics, Bal and Var, are used for assessing healthiness of the player, a motion to be recommended at a time of interest is determined based on its fitness value based on how well it will improve the two health metrics. For each motion, two finesses are first computed in terms of Bal and Var, respectively. Their values also range from 0 to 1, where 1 indicates the healthiest. The two fitnesses are then summed up to a final fitness, and the motion with the highest fitness will be recommended. Equations for computing fitnesses were proposed in our previous work [10] , [11] , but we also describe them below to make this paper self contained.
1) BALANCE FITNESS (F Bal )
This fitness [11] measures improvement in Bal. More specifically, it predicts an amount of decrease in gaps between actual and expected momentum of the four body segments when a motion of interest is performed. For each motion, we have historical data for predicting how performing it will affect am s , hence em s and gap s , of the player.
The goal here is to maximize Bal. Decrease in gap s leads to increase in Bal; dec x , computed by (7), estimates decrease in gap s when the player performs the motion x, and in (7), mm s (x) represents expected increase in the momentum of the sth body segment by this motion (i.e., an amount to be added to am s ). After dec of all motions in use are obtained, their values are normalized into the scale of 0 to 1 by min-max normalization, resulting in F Bal (x) in (8) .
This fitness [10] measures a relative increase in movement variability when a motion of interest is performed. For each motion x, we obtain its probability P x by dividing the number of times that motion is performed by the number of times all motions are performed. F Var of motion x is defined as the complement of minmax-normalized P x by (9).
3) FINAL FITNESS (F )
This fitness [10] is the summation of both aforementioned fitnesses (10) . In this work, we simply assume that the two health metrics are equally important. The motion to be recommended to the player is the one with the highest VOLUME 7, 2019 final fitness.
To demonstrate calculation of Bal, Var, F Bal , and F Var , we provide two examples. The first example, shown in Figure 4 , demonstrates calculation of Bal and F Bal . The right table in this figure shows actual momentums (ams) assessed from the player in its second row. From these input data, ems, gaps, and Bal are computed in respective order. Based on the computed gaps, the player should use the right arm and the left leg more. The left table in this figure shows available motions and momentums generated when each of them is performed. By using data from these two table, dec is calculated for each motion. In this example, Right Punch has a positive dec, which means performing this motion can decrease the summation of gaps and hence increase Bal of the player. On the other hand, Right Kick has a negative dec, which means performing it will negatively affect Bal and hence health of the player. F Bal for each motion is further computed as a normalized dec.
The other example, shown in Table 2 , demonstrates calculation of Var and F Var . In this example, there exist seven motions that were performed 133 times in total. Var is at 86.03%. The rarest performed motion is Left Kick; therefore it has F Var of 1.
V. EXPERIMENT AND RESULTS
The proposed IA-MR was evaluated by measuring the effects from IA-MR intervention when the player plays a fighting game called FightingICE [27] , which has all relevant features of typical fighting games and has been developed from scratch without using game ROMs and made publicly available by our laboratory for research purpose. A set of motions used in this game, in this experiment, is set based on our previous study [8] , [11] , i.e., there are a total of 24 motions, we distribute game skills to motions related to the left and the right side of the body as equal as possible. As shown in Fig. 5 , we conducted a 2-day experiment with 45 participants. The first day was for training and group division where they played FightingICE without IA-MR, and the second day was the main experiment. After being divided into three groups, on the second day, each participant first played FightingICE without IA-MR; this gameplay was for warming up and for collecting data before IA-MR intervention. After resting, the first group played more rounds without IA-MR whereas the second group and the third group also played the same number of rounds but with RMS-based IA-MR and HFF-based IA-MR, respectively.
A. PERFORMANCE METRICS
Evaluation of the proposed system falls into three dimensions, considering effects on the player's physical health, gameplay experience, and gameplay score, respectively. Relationships between metrics, both within the same and across different dimensions are investigated. The three dimensions and their metrics are described below.
1) PHYSICAL HEALTH
The healthiness of the player at a point of time is assessed by Bal and Var.
2) SCORE
The possible score in FightingICE ranges from 0 to 1000, based on the hit points of both players; the score of 500 means draw, the higher values win and vice versa.
3) PLAYER EXPERIENCE (PX)
PX tells how the player perceives the gameplay and their satisfaction level. It was measured based on six applicable factors of the Game User Experience Satisfaction Scale (GUESS) proposed by Phan et al. [28] , i.e., Usability, Engrossment, Enjoyment, Creative Freedom, Personal Gratification, and Visual Aesthetics. Each factor in use was measured by asking the player two questions that we selected from the first two questions of the original GUESS paper because they were shown to have the highest factor loadings.
B. PARTICIPANTS
All of the participants were recruited from university students; the mean age is 23.29 ± 2.86 and the mean BMI is 21.55 ± 3.18. None suffered from any physical or mental impairment. Written consents were obtained. Participation in this experiment was voluntary. The participants were informed what they had to do, but not the goal of our study (i.e., to evaluate IA-MR). In addition, they were told that IA-MR would try to recommend them motions, which could be useful, but, during gameplay, they were free to decide whether to follow IA-MR.
C. APPARATUS
FightingICE is a java, also wrapped for Python, game for PC, and UKI [9] is a C# application that uses Kinect for motion capturing. Both applications ran simultaneously, and a screen during gameplay is shown in Fig. 1 . The player stood within a range between 2 and 4 meters from a 65-inch LCD screen (Panasonic TH-65PB2J) with the resolution of 1920 x 1080.
D. TASK AND PROCEDURE
On the first day, each of the participants first received instructions and was trained how to play FightingICE by an Intelligent Instructor, a module of IA from our previous study [10] . During this training, the participants individually fought against a non-movement opponent, and IA guided them how to perform each available motion by providing a demonstration via a 3D virtual character (the same animation to that used by IA-MR). Motions were instructed one by one; the system also monitored if a motion being instructed was correctly performed before proceeding to the next motion.
This training ensured that all the participants know how to perform all of the available motions and receive training at the same standard.
After the training, each participant played Fighting-ICE without IA against TruePOSAS, a dynamic-difficultyadjustment AI developed by Demediuk et al. [29] . This AI's strength is adjusted dynamically to that of its opponent player. Such a fight per participant was composed of four 1-minute rounds.
The participants were divided into three groups. Participants was mainly grouped based on their average scores from the four rounds against TruePOSAS on the first day; we divided the participants such that the means and SDs between the three groups were closed as possible. Player profiles including body weight, body height, gender, experience on general video games, and experience on motion games were also collected. According to T-test and Mann-Whitney U-test, there was no statistical difference among the three groups in terms of scores and the above-mentioned variables on player profiles. (HFF(F ) ). RM-ANOVA is applied at three time points: T0 = before the IA-MR intervention, T1 = after two rounds with the IA-MR intervention, T2 = after four rounds with the IA-MR intervention. In the end, player experience is assessed based on a scale called GUESS.
On the second day, each of the participants started with four rounds against TruePOSAS without IA-MR. The time point right after these rounds is defined as the time point before the IA-MR intervention (T0 in Fig. 5 ). They then took a 2-minute rest (set based on [30] ) and then played four more rounds. For these last four rounds, the first group continued to play against truePOSAS without IA-MR, whereas the second group with RMS-based IA-MR and the third group with HFF-based IA-MR. In addition, for the third group, IA-MR recommended motions by considering only the variability fitness in the first two rounds and later added the balance fitness into account in the last two rounds.
GUESS was done on SurveyMonkey.com by each participant after they finished all rounds of gameplay. The order of questions was random. The participants were asked to VOLUME 7, 2019 rate how strongly they agreed with each statement on a 5 point Likert-type scale (1 = Strongly Disagree, 5 = Strongly Agree).
E. RESULTS
The three hypotheses in section 1 were investigated and individually discussed in three subsections, respectively. In addition, participants in Group 1 and 2 were free to decide whether to follow IA-MR's recommendation, we analyzed follow rate, computed as a rate that the player performs motions recommended by IA-MR (i.e., follow rate =
Success+Failed-to-hit
Success+Failed-to-hit+Timeout , where the definition of each righthand-side term is given in section 4-A-3), to validate whether a certain group performed recommended motions more often than the other group. There was no significant difference in follow rate according to T-test (p = 0.317) and Mann-Whitney U-test (p = 0.298). The average follow rates are 60.93 and 53.80 for Group 1 and Group 2, respectively.
1) EFFECTS OVER TIME
In summary, Var was improved over gameplay when IA-MR was used, regardless of its motion recommendation method. Bal was improved only when IA-MR used HFF. There was no significant change over time in Score in each group. Their values over the three time points are visualized in Fig. 6 .
For technical details, we ran a single-group repeated measures analysis [31] to evaluate changes over time-at time points T0, T1, and T2 shown in Fig. 5 -of Bal, Var, and Score on each group separately. p-values are shown in Table 3 , and means of the three variables with the standard deviation error bars are shown in Fig. 6 -The raw values of the means are in given Table 4-6. At different time points, there was no significant difference in the means of the three variables of interest in Group 0. On the other hand, there was a significant difference in Var in Group 1, and there were significant differences in both Bal and Var in Group 2. These results support that IA-MR is effective in improving healthiness of gameplay, and the balancedness can be improved only when motions are recommended by using the health fitness function.
2) DIFFERENCE IN CHANGES BETWEEN GROUPS
In summary, differences between the repeated measurements of Bal and Var were significant between groups. Average changes in the two health metrics were most preferable when HFF was used (the red lines in Fig. 6 ).
For technical details, we compared the three variables between groups of participants by using the repeated-measures analysis of variance (RM-ANOVA) [32] with the Mauchly's sphericity tests (see rules of thumb for reporting RM-ANOVA results proposed by Howell [33] and Field [34] ). Results are shown in Table 7 . Between the groups, the effects on Bal and Var were significantly different, no matter a comparison was between the three groups or between the two groups using IA-MR with different methods of recommendation. From visualization of the means in Fig. 6 , Group 2 yielded better improvement in Bal and Var. In this group, Bal drastically increased during the last gameplay, where Bal was added into the fitness function. For movement variability, Group 2's players started with a lower Var than Group 1's players on average, but ended up with a higher Var after the IA intervention. For Score, no statistically significant trend was reported-we note that the average Score in each group did not vary much at different time points, considering that its possible value ranges from 0 to 1000.
Besides RM-ANOVA, we used independent samples t-test to analyze differences in percentage changes in variables of interest. We first computed changes, denoted by , of Bal, Var, and Score during the IA intervention as percentage changes from T0 to T2 for each participant; for example, Bal = 0.20 means that Bal has been improved for 20% on average, such as from 0.60 at T0 to 0.72 at T2. Between the two groups using IA-MR, there existed significant differences in Bal (p = 0.013) and Var (p = 0.034), but not Score (p = 0.716). Population pyramids of the percentage changes are shown in Fig. 7 .
From the results obtained so far, Var was significantly improved only when IA-MR was used (Table 3) . When IA-MR used HFF, the improvement (i.e., average percentage change) was about 16.9%, which was significantly higher than 7.9% obtained when IA-MR randomly recommended motions (the middle graph in Fig. 7) . To improve Bal, IA-MR with HFF was necessary (Table 3) , and the improvement was 9.6% on average (the left graph in Fig. 7) . The remaining changes were not statistically significant (Table 3) .
3) EFFECTS ON PX
In summary, three factors in the questionnaire were found unreliable to be used in analysis and consequently removed from this study. Those removed ones are Engrossment, Freedom, and Gratification. For the remaining factors, they were no significant difference between the groups.
For technical details, we first ran a reliability analysis by using Cronbach's alpha (Table 8 ). This analysis measures the correlation between the two items for each factor in the questionnaire. Low correlation for the factor implied that a factor is not suitable to be used in further analysis and discussion.
Cronbach's α of 0.600 is typically considered as the minimum acceptable level of internal consistency for using VOLUME 7, 2019 a factor. Factors with α below this minimum threshold (i.e., Engrossment, Freedom, and Gratification) were deleted. For the remaining factors, we ran a one-way ANOVA comparing the three groups and independent samples t-tests comparing each pair of the groups. However, no significant difference between the groups were found. Average scores of the factors, Cronbach's α, and p-values from the ANOVA and t-tests are shown in Table. 8. The average scores are also visualized in Fig. 8 .
VI. DISCUSSIONS
This section provides a discussion on results in the previous section, as well as on our qualitative findings found during the system development and the experiment.
A. EFFECTS ON NOVICE PLAYERS
In the previous section, there existed two outliers in the first two graphs in Fig. 7 . We found that they were from the same subject; both subjects started with very low Bal and Var before they played the game with IA-MR, and both parameters improved a lot over gameplay. We investigated their profiles and found that their experiences with fighting games and experiences with motion games are ''I used to play it only one or two times'' and ''I have never played it,'' respectively. We considered them as novice gamers. There were also novice gamers in other groups, but Bal and Var of them did not drastically increase like the two subjects. We conclude that the system is effective in helping some novice gamers in learning new motions; they learn to perform more motions over time, which improves the two metrics.
B. USE OF THE SYSTEM
An important limitation of the system is that the effectiveness in health promotion depends on the design of motions used for gameplay, as well as game contents and difficulty. In some games, the lower parts of the body is rarely needed to move, or main actions in the game, like basic attacks, may be executed by using the right arm. Similarly, when a game is easy, the player may need to perform only a few motions to win (e.g., keep using right punch). In both cases, it is difficult to expect high Bal and Var, and thus the optimal ranges of the two health metrics are subjective to the game being played. Nevertheless, we note that the tool for health promotion presented in this paper is embedded to UKI, a middleware that allows its users to play any existing games by using a set of motions they can freely configure. This proposed tool can be used for evaluating and optimizing design of motion games or a list of motions used in the game.
We suggest that a game of interest should have a moderate level of difficult and movement patterns of opponents should not be too predictable; otherwise the player may end up developing a rule-of-thumb set of movement to win the game. In our study, we used an AI TruePOSAS, a dynamicdifficulty-adjustment AI, to handle this issue. However, we still saw some players developing a rule-of-thumb, like keeping executing projectile attacks. To motivate players to use recommended motions, some reward mechanisms may be needed; for example, bonus damage can be added to attack skills that are recommended by the system. Health metrics assessed by the proposed tool can be fed as input to game content generation process. As done in one of our previous work [11] , the opponent AI in the game can monitor health of the player and induce the player to use motions that increase their Bal and Var. It is a promising research direction to develop a game in which contents are generated for stealthy promoting the health of the player.
C. HANDLING PEOPLE WITH SPECIAL NEEDS
The current version of the system is designed under the assumptions that the two sides of the body should be used equally and all motions should be performed by the same number of times. In practice, the player may have special needs, like having their right arm injured, and thus the optimal balancedness expected from them should be adjusted. Similarly, some players have certain conditions, such as osteoarthritis, and should avoid performing some types of motions. Thus, the optimal variability expecting that all the motions are performed by the same number of times should be reconsidered. In some games, there may also exist more motions related to the right arm than those related to the left arms, which makes promoting Bal and Var at the same time contradicting. Optimizing the two metrics in such cases need adaptations. In particular, for players with special needs, advices from expert physicians or physical therapists are required for such adaptations, which will be incorporated in our future work.
VII. CONCLUSIONS
This is one of our first studies on introducing intelligent mechanisms to motion games for promoting healthy gameplay. We presented techniques for modeling health metrics, considering the balancedness in use of body segments and the movement variability. For each health metric, a fitness function was developed for being used by the motion recommender in its decision making. This motion recommender recommends the player, during gameplay, motions that will improve his/her health metrics if he/she performs them, which thus should reduce risks of exercise injuries. Our experiment results showed that the motion recommender led to statistically significant improvement in the healthiness of gameplay, while insignificantly affected gameplay scores and gameplay experience.
To extend this work, a longitudinal study can be run to quantify the effects on injury prevention. System assessment by expert physicians or physical therapists is also expected to be done. Future research may include a study on factors that motivate the player to follow the system; for example, giving some reward to the player when he/she follows a recommendation may increase the chance that recommended motions are performed by the player and may thus improve the player's health. Employing the idea of intelligent assistant in other game genres is one promising direction. A relationship between player experience and the effectiveness of the system in health promotion should also be investigated.
Finally, we note that the middleware UKI, along with the proposed motion recommender and health assessment tools, are publicly available for use [9] .
